The key role played by public information in market economies is paramount. Yet, investigation on how prices are affected is hindered by intricate endogeneity and parametrization issues. This paper contributes to the literature by identifying and studying a case where public information is related to weather forecasts, in a sector (tourism) where meteorological conditions exogenously impact on both suppliers' and consumers' decisions, especially in leisure destinations. We first develop a theoretical model where forecasts affect demand and hence equilibrium prices in accommodation: an improvement in the weather forecast has a positive impact on the price, the effect being stronger the higher the level of accuracy of the forecast and the level of ex ante uncertainty in weather conditions. We then estimate an augmented hedonic price model where dynamic characteristics (typical of advanced booking strategies) are included together with information about weather forecasts. Consistent with the theory, we find that, ceteris paribus, good weather forecasts are associated to higher prices, the impact being larger the higher their level of accuracy and the higher the ex ante level of uncertainty in weather conditions.
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Non-technical summary
The key role played by information in market economies is paramount. When information is public, all parties involved in the transaction can freely access it and evaluate it. Yet, investigation on how prices are affected by public information is difficult because of endogeneity between price and information (e.g. financial markets) and other technical issues. This paper identifies and studies the case of tourism, a sector where public information is related to weather forecasts, known to both suppliers' and consumers' and completely exogenous. The intuition is that when customers purchase through advance booking, they consult the information provided by weather forecasts before taking any decision.
The paper builds on this intuition on both theoretical and empirical sides. To do so, we first develop a theoretical model where forecasts are common knowledge and can be observed by both accommodation service providers and consumers. As the quality of the leisure experience is affected by weather conditions, weather forecasts (as a signal for expected quality) affect the willingness to pay of customers and hence equilibrium prices: an improvement in weather forecasts would increase the expected quality of the experience and drive the supply to instantaneously adapt the price, the effect being stronger the higher the level of accuracy of the forecast and the larger the degree of ex ante uncertainty in weather conditions. We then estimate an augmented hedonic price model where dynamic characteristics (typical of advanced booking strategies) are included together with information about weather forecasts. The model is tested on data for the summer season of a typical sea & sun destination (Rimini, Italy) where most of the leisure activities are carried out open air, hence being heavily dependent on weather conditions. A web scraper collected daily prices posted by the population of Rimini hotels on Booking.com, an important booking platform, and daily weather forecasts of Ilmeteo.it, the most popular weather forecast provider for the Italian market.
Consistent with the theory, we find that, ceteris paribus, good weather forecasts are associated to higher prices, the impact being larger the higher the level of accuracy of the forecast (i.e., in the last 2-3 days before the due date) and the higher the ex-ante level of uncertainty in weather conditions (i.e., in months when rain and other meteorological negative events are more likely).
The paper contributes to a number of related streams of literature, from the one concerning the role of public information on prices to the one analysing the economic impact of weather forecasts, to the one considering the role of weather conditions in leisure activities. Moreover, our analysis also provides interesting welfare and managerial implications. Theoretically, we find that the accuracy of weather forecasts does not affect profits and consumers' surplus. As in this respect many stakeholders have recently blamed the weatherman for the low accuracy of forecasts, which would entail negative effects on the tourism market by keeping tourists away and by reducing profits, our model does not warrant this conclusion, hence warning to disentangle the impact stemming from low accuracy to the one due to bad weather.
Introduction
The understanding of prices and their dynamics is a key issue in economic analysis, as in market economies the price has the paramount role of allocating resources and conveying information (Hayek, 1945) . When information is private, the price system allows the use of dispersed knowledge, with possibly different degrees of efficiency (Grossman and Stiglitz, 1980; Vives, 2014) . Prices are also expected to reflect public information, when it concerns external factors affecting demand or supply conditions. At the business level, strategies of price discrimination and dynamic pricing are nowadays very popular to capture idiosyncratic variations in demand and to provide suppliers with complex but effective tools of revenue management optimization (Nocke and Peitz, 2007; Moller and Watanabe, 2010) .
Within this general framework, our article aims at assessing the impact of public information on prices, identifying factors that affect the magnitude of the effect. We do this in an environment where not only information is highly relevant for the exchange, but is also completely exogenous: the one of weather forecasts and hotel prices. The quality of the stay in the destination (particularly when considering leisure activities linked to summer holidays) is expected to depend on weather conditions, which impact on demand through price variations (Scott and Lemieux, 2011; Gomez-Martin, 2005; Zirulia, 2016) . Weather forecasts better inform economic agents in such markets where there is information uncertainty, as purchasing decisions need to be anticipated through advance booking. Weather forecasts are continuously produced by private and public providers in order to predict real weather conditions. A peculiarity of weather forecasts, which makes them a good terrain to investigate in terms of solving endogeneity concerns, is that they are orthogonal to both suppliers' and consumers' behaviour. Moreover, they are known to both sides of the market, which rules out issues of information asymmetry.
Our contribution is both theoretical and empirical. On the theoretical side, we develop a simple model adopting a Bayesian rational choice approach, where the value of actions stemming from individual decisions depends on realized weather conditions (Katz and Murphy, 1997; Tena and Gómez, 2011; Zirulia, 2016) . The model is built to resemble the distinctive features of our setting. A firm faces consumers whose willingness to pay for a good/service depends, among other things, on external factors such as weather conditions. Consumers take their purchasing decisions before the weather state is realized, but after having observed an informative signal, i.e. the weather forecast. The signal is observed by the firm as well, which then fixes the price contingent on the weather forecast. It follows that consumers make their choice observing the weather forecast and the posted price.
Our model predicts that bad weather forecasts have a negative effect on prices, via the impact they exert on demand. In addition, the impact is expected to be larger the higher the forecast's level of accuracy and the higher the ex ante level of uncertainty in weather. Finally, from a normative point of view, we show that forecast accuracy has no impact on profit and consumer surplus, a result which hinges upon the symmetry of information and the perfect ability of the firm to respond to signals when setting its price.
The theoretical predictions concerning the impact of public information on prices are then brought to the data for our empirical contribution. To assess the impact of weather forecasts on hotel prices, we estimate a hedonic price model augmented with characteristics related to dynamic pricing strategies and to weather forecasts. This approach allows us to tackle the complexity of markets in which price adjustments are almost instantaneous and where the law of one price remains buried in old textbooks. We collect data through a web scraper and analyse daily prices for the population of hotels in Rimini (Italy), a typical sea & sun summer destination, highly dependent on weather conditions. More than one million observations were collected throughout the whole summer season and then merged with information regarding weather forecasts available at the time when prices were posted.
The hypotheses deriving from the model are supported by the data. We find that weather forecasts are important and independent determinants of the price: ceteris paribus, the worse the forecast, the lower the price. As predicted by the model, the impact is larger the higher the forecast's level of accuracy, i.e. when the forecast day is closer to departure date, and in those months in which weather is more uncertain, i.e. the higher the ex ante level of uncertainty in weather. Results are robust to several specifications and checks.
Our analysis concerns the impact of public information on prices, and more generally on economic outcomes and behaviour. For this reason, it should be seen as a contribution to a number of related streams of literature. First of all, there is a vast empirical literature which investigates the role of public information and media in various economic settings. In particular, a few studies have analysed the impact of public information on the stock market (Cutler et al, 1989; Mitchell and Mulherin, 1994; Engelberg and Parsons, 2011) and in future markets such as those related to crops and livestock (Dorfman and Karali, 2015) . Information by media companies has been shown to affect corporate governance (Dyck et al., 2008) and political behavior (Della Vigna and Kaplan, 2007) . Our novel setting presents a few advantages with respect to most of the existing literature: i) the channel through which the information impacts on the economy is easy to identify; ii) the accuracy of information can be measured precisely; iii) information is less biased than in situations where political ideology (Gentzkow and Shapiro, 2010) or conflicts of interest (Gurun and Butler, 2012) are relevant. On the 5 theory side, our model is related to the literature analyzing the use of information in contexts where agents have access to public and private information, while strategically interacting (Morris and Shin, 2002; Angeletos and Pavan, 2007; Myatt and Wallace, 2015; Myatt and Wallace, 2017) . While private information is not relevant in our setting, the result on the impact of information accuracy on welfare in a buyer-seller scenario can be discussed in light of extant literature.
Our work also contributes to the growing literature on the impact of weather on the economy (a recent, comprehensive survey is provided by Dell et al., 2014) . Weather can affect the economy in several ways. It can be an exogenous trigger of economic shocks, leading to shortage of goods and then to price increases (Heinen et al., 2018) , civil conflicts (Jia, 2014) , deteriorated health conditions (Cervellati et al., 2017) . It can affect the psychological dimension of decision making, in choices ranging from financial investment (Saunders, 1993; Hirshleifer and Shumway, 2003) to college enrolment (Simonsohn, 2009) . It can affect demand indirectly, as it is the case for energy (Mu, 2007) . 2 Finally, it can directly influence the quality of the good or service, and therefore demand, as it is case in tourism (Shih et al., 2009; Day et al. 2013; Ridderstaat et al. 2014) or wine production (Ashenfelter, 2008) . 3 More closely related to our paper, there is also a (mostly interdisciplinary) literature on the role of the weather forecast in the economy, which studies its overall impact (Katz and Murphy, 1997a) or in specific sectors, such as agriculture (Mjelde and Penson, 2000) , energy (Considine et al., 2004) and fishery (Costello et al., 1998) . To the best of our knowledge, this study is the first one looking at the impact of weather forecasts on tourism, especially on hotel prices.
The remainder of the article is organized as follows. Section 2 presents the model and derives its main predictions. Section 3 introduces the methodology and the data used in the empirical analysis. Section 4 presents the econometric results, while Section 5 concludes and discusses the general implications of our work, together with its limitations.
2 An impact of weather conditions on demand is also found by Cellini and Cuccia (2019) for museum attendance. In this case, weather effects are nonlinear and differ across seasons.
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The Model
The model is inspired by the literature analyzing Bayesian decision making under weather uncertainty and availability of weather forecasts (Tena and Gómez, 2011; Katz and Murphy, 1997; Zirulia, 2016) .
There are two sets of agents: i) consumers and ii) a firm acting as a monopolist in the market. The monopoly structure assumes market power, which characterizes firms offering sufficiently differentiated services such as accommodation, abstracting at the same time from the complication that emerges when competitive environments are considered. Assuming market power is crucial in our analysis, since it allows the firm to react to information through price adjustments. At the same time, ignoring the effect of competition is justified by the nature of shocks, which would affect competing firms in the same way. 4
Consumers have heterogeneous willingness to pay for the service sold by the firm, and willingness to pay also depends on external factors, such as weather conditions (Candela and Cellini, 1998) . Weather forecasts are observed by both firms and consumers; hence, the price set by the firm is contingent on the weather forecast. Consumers make their choice observing the posted price and the weather forecast. The details of the demand and the supply sides of the model are described in Section 2.1 and 2.2, respectively.
Demand
denotes the willingness to pay of consumer i when the weather state is "good". is uniformly distributed across consumers over the support [ ; ], with 1 < ̅ < 2 , − = 1, and mass normalized to 1. A good weather state may correspond to sunny days for a weekend in a seaside destination, clear sky and warm temperature for an open-air concert, or a sunny day with natural snow in a ski resort. When the weather state is "bad", the willingness to pay is reduced to with 0 < ≤ 1. The individual demand function is perfectly inelastic: the consumer either buys the service or not. Defining p the market price, the consumer net utility function is = − , when the weather state is good, while it is = − , when the weather state is bad. Her reservation utility is normalized to 0, so that the consumer does not buy when her utility is negative.
The purchasing decision is taken before the weather state is realized, based on probability distribution of weather conditions. Consumers have access to two pieces of information. First, 7 they know the ex ante probability of a good state, which is ≤ < 1 (the state is bad with complementary probability). 5 Such a probability is common knowledge among consumers and the firm, and can be interpreted as the historical frequency of "good" and "bad" weather in that particular season. In addition, consumers access the weather forecast, a public signal of the real weather conditions; the signal is correct with a probability ≤ < 1, and it conveys useful information to consumers, except in the extreme case of random information, q = ½.
As a matter of notation, we will use g and b to denote the realized good and bad states, "g" and "b" to denote the corresponding signals, and p"g" and p"b" the prices conditionals to, respectively, good and bad signals. Therefore, by straightforward application of the Bayes theorem, we obtain:
Given such ex post probabilities on weather states, we can write the consumer's expected utility when buying the holiday, conditional on the signals received:
Conditional on "g", the consumer buys the service when the expected utility is larger than or equal to 0. This is the case if:
Condition (7) determines a threshold ^" g" ≡ () ( )( )* +( )( ) = , "g" such that the consumer buys the holiday if and only if her willingness to pay is larger than or equal to ^" g" . Similarly, conditional on "b", the consumer buys the holiday when the expected utility is larger than or equal to 0. This is the case if:
such that the consumer buys the holiday if and only if her willingness to pay is larger than or equal to ^" b" .
It can be shown that ^" g" ≤ ^" b" , i.e. , "#" ≤ , "$" , where the inequality is strict if < 1. In fact,
simplifies to (1 − )(1 − )(1 − 2 ) ≤ 0, which is always satisfied. Intuitively, a good signal induces to buy even those consumers with a relatively low willingness to pay; or equivalently, demand is less responsive to price when the ex post likelihood of good weather increases.
Given distribution, the demand functions, conditional on the signals, are derived by noting that Pr/ ≥ ^" g" 0 = − ^" g" and Pr/ ≥ ^" b" 0 = − ^" b" :
where , "#" , , "$" ∈ )1, +∞) are the slopes of the linear demand functions.
Supply and market equilibrium
The firm operates at zero marginal and fixed costs, and chooses its prices, in order to maximize profits (or, equivalently, revenues), after having observed the signal. Conditional on good and bad signals, profits are respectively 5 "g" = "g" 1 "g" / "g" 0 and 5 "b" = "b" 1 "b" ( "b" ). The first-order conditions for profit maximization are: 6 9 − 2, "#" "#" = 0 (12) − 2, "$" "$" = 0 (13) from which we derive the pair of equilibrium prices, "#" * = 7 8 "9" "#" * = 7 8 ":"
, and profits, Π "#" * = 7 < = >8 "9" and Π "$" * = 7 < = >8 ":"
. In equilibrium, demand is equal to /2, irrespectively of the signal.
Discussion and testable implications
The aim of this section is to derive the model implications on the impact of public information on equilibrium prices, which will be then tested in Section 4. Specifically, we look at the impact of information provided by weather forecasters (good vs bad signal) both in absolute and percentage terms. By defining ∆ * ≡ "#" − "$" and %∆ * ≡ / "#" − "$" 0/ "$" , straightforward computations yield:
From inspection of (14), it is immediate to see that ∆ ≥ 0 (since ≥ ), from which %∆ * ≥ 0 follows. In other words:
Proposition 1 A forecast of good weather has a positive impact on price, both in absolute and percentage terms.
The result can be interpreted in terms of the elasticity rule, which is typical of monopoly pricing. Demand elasticities are defined as 8 "g" ( "g" D "g" /( "g" 0 and 8 ( ":"
. In equilibrium, their value is 1 (being marginal cost nil). Since demand is constant at equilibrium, prices are inversely related to the value taken by , "#" and , "$" : signals that increase the ex post likelihood of a good state reduce the sensitiveness of consumers to prices, and the firm reacts by increasing the price.
A second set of predictions derived from the model concerns those factors that can affect the magnitude of ∆ * and %∆ * ≥ 0. In particular, we look at how the extent of price variation is mediated by the precision of information, i.e. weather forecasts' accuracy, and by the ex ante level of uncertainty. In the model, precision is measured by , while uncertainty is inversely related to r (as long as ≥ , as we assumed).
Proposition 2
The more accurate weather forecasts (i.e. the larger ), the larger the impact of a good weather forecast on price, both in absolute and percentage terms.
Proposition 3 The higher the ex ante level of weather uncertainty (i.e. the lower r), the larger the impact of a good weather forecast on price, both in absolute and percentage terms.
Proofs of Propositions 2 and 3 are in Appendix A. The interpretation of Proposition 2 is straightforward: the more accurate the signals, the higher the value of conveyed information.
Once again, the effect unfolds on demand elasticity, since more reliable forecasts make demand less elastic when the signal is good (thus leading to a price increase), and more elastic when the signal is bad (thus leading to a reduction in price).
As for Proposition 3, a higher level of ex ante uncertainty in weather conditions makes ex post distribution more relying on signals, following Bayesian updating. Consequently, a forecast of good weather significantly reduces demand elasticity, and the opposite occurs for a forecast of bad weather.
Public information accuracy and social welfare
Although welfare analysis is not the main contribution of the paper, the normative implications of our model can be derived and discussed. Specifically, we investigate the relationship between the accuracy of public information and social welfare, measured by the sum of the firm profit and consumer surplus. 7 This relationship has been the focus of a literature initiated by the work of Morris and Shin (2002) , and followed by the work of Angeletos and Pavan (2007) , Myatt and Wallace (2015) , Myatt and Wallace (2017) , among others. Our results can be summarized in Proposition 4 (the proof is in Appendix A).
Proposition 4 Both expected profits and consumer surplus are independent from the level of accuracy.
In our model, firms and consumers are in fact in a symmetric situation in terms of access to information. 8 Consumers observe signals, which have an impact on demand function; and the firm, observing the same signal as consumers, instantaneously reacts by changing the price responding to the variation in demand elasticity. If the signal is more accurate, the variation of demand is stronger, and the change in price more pronounced (see Proposition 2), while leaving the equilibrium level of demand unaffected.
This result follows the buyer-seller type of interaction that we consider and the symmetric information between the two parties with respect to the signal, together with perfectly flexible prices on the firm's side. As for the first point, in contexts where agents' choices are fully independent, the higher the accuracy of the public signal, the higher the individuals' welfare in equilibrium. On the other hand, Morris and Shin (2002) consider a setting where agents have access to both public and private signals and each agent chooses an action to maximize his own pay-off. The choice is similar to the one of the other players due to strategic complementarities in their actions, in a beauty contest-like situation. The main result of Morris and Shin (2002) is that more accurate public signals can be detrimental to social welfare, because agents may give them too much importance (thus ignoring or downplaying their own private information) in the effort of improving coordination with other agents. In our model, consumers are not interested in guessing (and mimic) what other consumers do. However, there is an agent (i.e. the firm) which is acting in a way that "counteracts" the consumers'
actions, thereby cancelling any information advantage and any gain in consumer surplus.
The importance of symmetric information (and price flexibility) is testified by the different results obtained in Zirulia (2016) , who considers a model where prices are not contingent on weather forecasts, but a single price is posted ex ante (and determined also by the accuracy of weather forecasts). In his setting, the higher accuracy of weather forecasts decreases prices, reduces profits and increases consumers' welfare, because tourists can exploit their superior information when they make their decisions. It follows that forecast accuracy matters for welfare implications only if information is asymmetric, or, more relevant in our case, if prices are "sticky".
Data, methodology and hypotheses formulation
Data
Data have been collected through a scraper in the period June -September 2015, monitoring
Rimini, an important Italian sea & sun destination hosting more than 2 million arrivals and 10 million overnight stays per year. This city has been chosen because of its relevance in the tourism sector (more than 800 hotels are in activity) and because in the summer season the city hosts leisure tourists who generally spend the day on the beach. Arguably, they are hence very sensitive to weather conditions (De Freitas, 2015) .
Each day the scraper collected information on: i) weather forecasts, from the most popular -commercial -weather website/app; ii) actual weather conditions, from a public archive; iii) hotel prices and other characteristics, posted daily on Booking.com.
[Insert Tables 1, 2 and 3 here] I. Weather forecasts. The scraper collected weather forecasts published by the most popular commercial website/app in Italy: ilmeteo.it, an application with more than 10 million downloads in Google Play Store. Despite many other websites and apps are available, the popularity of this service makes it the most important influencer for weather forecasts in Italy, and its bulletins are regularly reposted and published by national newspapers and popular media. Tables 2 and 3. II. Real weather conditions. In order to assess the accuracy of forecasts, data on actual weather conditions, as recorded by the public official archive (Arpa-ER, the Regional prices posted up to 15 days before the check-in date were collected) in order to match prices and weather forecasts. The whole set of available rooms and price conditions on offer were scraped. Names, labels and descriptive statistics of the variables are reported in Table 5 .
[Insert Tables 4 and 5 The general specification of the linear model is the following:
where:
-E ,F,F G is the daily price (computed by dividing the posted price over the length of stay) of room i for check-in date t posted at time tτ, where 0 ≤ τ ≤ 15. In log-linear specifications of the model, lnP, the natural logarithm of price, was alternatively used as dependent variable;
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-1 ,F is a set of dummies built over the variable from_date reported in Table 5, controlling for the different check-in dates;
-J is a set of dummies built over the variable room_newcode, controlling for the different characteristics of the rooms, such as size, floor, view;
-K L is a set of dummies built over the variable hotel, controlling for the hotels fixed effects;
-N ,F,F G is a dummy variable controlling for the possibility of cancelling the booking without penalties;
-P ,F,F G is a set of dummies built over the variable breakfast_code, controlling for the type of service included (bed only, bed & breakfast, half-board, half-board with lunch, full-board);
-R F,F G is a numeric variable measuring the distance between the search date and the check-in date, it is then equal to tτ for each observation and controls for the use of dynamic pricing strategies.
-RST ,F,F G is a dummy variable which indicates the "length of stay" to control for different price offers for weekends, long weekends and one-week holidays;
-V1W ,F,F G is a dummy indicating if the price is advertised as a special offer/discount; -V ,F,F G is a set of dummies built over the variable availability, controlling for the supply constraint, that is, the number of rooms shown as available on the platform at the posted price (from 1 to 5). When the number of available rooms was more than 5, the variable was coded as 0.
-Z[ F,F G is the main variable of interest and is a set of dummies built over the variable fore_code reported in Table 3 , controlling for the weather forecast for time t posted at time t τ. In some of the alternative specifications of the model, Z[ F,F G was proxied by norain, or sun, binary variables built by aggregation of the different values of fore_code. More specifically, norain (sun) takes the value of 1 if fore_code takes the values of 1, 2 or 3 (1 or 2) as indicated in Table 3 , and 0 otherwise. 9
The theoretical propositions derived in Section 2 lead us to formulate the following hypotheses:
Hypothesis 1. Coherently with Proposition 1, we expect that, ceteris paribus, good weather forecasts are associated with higher prices.
As regards the proxy for weather, in accordance with Scott et al. (2008) , we chose the sun/rain indicator (the variable Z[ F,F G in our dataset), as it is likely to be the most relevant factor associated to beach activities in a sea & sun destination. Using as reference category the most positive forecast (Z[ F,F G = 1), we expect negative coefficients for the other Z[ F,F G categories, with the coefficients being larger in absolute value for more negative forecasts. In the alternative specifications in which norain or sun dummy variables are used, we expect a positive coefficient associated to these variables.
Hypothesis 2. Coherently with Proposition 2, we expect the impact of weather forecasts to be stronger, the more accurate the forecasts.
In that respect, scientific evidence (Bauer et al., 2015; Alley et al., 2019) shows that forecast accuracy varies with the temporal distance between the day when the forecast is produced and the day it refers to, i.e. forecast accuracy increases the shorter the time lag of the forecast. Our data confirm this evidence, as later reported in Table 9 . It follows that the impact of weather forecasts on prices is expected to be stronger the closer the forecasts to the day of the check-in. 10
Hypothesis 3. Coherently with Proposition 3, we expect the impact of weather forecasts to be larger when weather uncertainty is higher.
In our case, a good proxy for weather uncertainty is the period of the year. According to historical data for Rimini, average rainfall is lower in the central part of the summer season (July and August) than in the early and late months (June and September). For instance, the average monthly rainfall for July and August in the 2011-2015 period was 49.4 mm, while it was 74.4 mm for June and September of the same years. 11 It follows that the impact of weather forecasts on prices is expected to be stronger at the margins than in the central part of the season. 10 Anbarci et al. (2011) show that weather forecast accuracy is affected also by population and income at the local level. Being a study of single destination, this issue is not relevant in our case. 11 Own elaboration based on official statistics provided by Arpa-ER -Regional Agency for Environmental Protection Emilia Romagna (simc.arpae.it/dext3r). This evidence is robust to the use of the average monthly number of rainy days, according to which there were 4.9 rainy days in July-August and 7.6 in June and September, for the same years.
Results
Testing Hypothesis 1: the impact of weather forecasts on hotel prices
The results of testing the first hypothesis are reported in Table 6 . As recalled in Section 3.2 we regressed the daily price for room i of hotel j for the check-in date t posted at tτ on the weather forecast for t posted in tτ (after controlling for all the other variables included in equation (16)).
[Insert Table 6 here] Model (6.1) of Table 6 reports the results for the most consistent subset of the dataset,
where the daily price of one double room for party groups of two adults for a weekend break was regressed. This subsample includes about 92,000 observations. Estimations suggest that, ceteris paribus, bad weather was significantly associated with lower prices compared to the case of the base category, which is "hot and sunny", the most positive forecast available in ilmeteo.it codification (Z[ F,F G = 1). These findings are hence consistent with Hypothesis 1.
As regression (6.1) is linear, the coefficients can be directly interpreted as the price variation between the actual weather forecast and the base "hot and sunny" weather forecast. This "discount" for sub-optimal forecasts ranges between € 3.02 (overcast, code 2) to € 7.20 (downpour, code 4) and to € 7.73 (cloudy, code 5).
All the other variables included in (6.1) are significant at the 1% level and with the expected sign: the free cancellation option (C) was associated with a higher price (of about € 3.38 per day), which could be interpreted as the premium paid for buying the option of disattending the contract. The inclusion of breakfast in the offer was valued, on average, € 4.43 (B, code 1) while the half-board including dinner costs € 17.44 (B, code 2). Any day closer to the checkin date was associated with a higher price (of about € 1.11, see specifically the coefficient of L), coherently with a strategy of increasing prices when the occupancy rates are high and the check-in dates approach. Special offers (ADV = 1) do have a heavy impact on price: the average discount is estimated to be € 19.32, more than 20% of the basic price in the regression, represented by the constant (€ 73.83). Finally, the indication that there is only a limited number of available rooms on offer is relevant: the coefficients of V ,F,F G are positive, suggesting that a constraint from the supply side is associated with a higher price with respect to the base category, in which no signal of limitation in the supply was posted. Coherently with the simple law of demand and supply, the coefficient is the lowest when the available rooms are many (A = 5, € 2.20) and increasing as long as the available rooms decrease, reaching the maximum when the number of available rooms signalled is A = 1 (€ 7.57). This is exactly what is expected when the hotel approaches full occupancy.
As regards the other variables included in the regression but omitted from Table 6 for space limitation, the coefficients of the check-in dates dummies D are all significant and with the expected sign: prices are higher approaching the peak period of late July -mid August, signalling an active policy of seasonal pricing. Moreover, the coefficients of the interaction dummies between room type and hotel (R*H) are also statistically significant, signalling that the overall quality of the hotel and the characteristics of the posted room are also relevant in determining the price, as expected. Overall, the dynamic characteristics of pricing strategy are quite important in explaining the posted price, improving the overall explanatory power of the regression (R-squared is around 54%) with respect to standard hedonic models.
Errors in regression (6.1) are robust but assumed to be uncorrelated across groups. As price dynamics is heavily dependent on revenue management strategies run by hotels, it is likely that errors in different time periods and for different rooms in a given hotel may be correlated: failure to control for within-cluster error correlation can generate larger t-statistics and more "optimistic" results. Model (6.2) in Table 6 tackles this issue and encompasses clustered errors at the hotel level. As expected, confidence intervals increase and some of the variables included in the model are no longer significant, namely, A, C, and B, highlighting that hotels apply a common rule as regards these variables. In particular, the cost of breakfast, which is negligible for most of the structures, is likely to allow hotels to manipulate the inclusion of the breakfast in the posted price as a kind of promotional strategy. What is more important, however, is that the estimated coefficients for weather forecasts in Model (6.2) keep being significant. improves the ability to explain variations in price (R-squared is now 66.6%) and results are in line with the Model (6.1): weather forecasts worse than the baseline "hot and sunny" are associated to lower prices, from 3.9% of rain (WF = 7) to 10.3% of downpour (WF = 4) forecasts. Given that the results of the log-linear model are very similar to the ones of the linear model, the remaining of the econometric analysis in this section alternatively considers absolute or logarithmic prices according to the immediacy of the coefficients' interpretation. 12 12 All findings are available upon request and results that are not robust with the main findings are always reported in the paper.
Interpretation of individual weather forecasts, when the summary proxy is one of the 8 icons described in Table 3 , can be problematic. We then simplified the analysis by clustering the 8 codes into simple binary variables, norain and sun, as explained above. In Model (6.5) of Table 6 , in which norain was included in the model, the main result is confirmed: prices are on average 3.5% higher when forecasts exclude rain. The coefficient is very similar also in Model (6.6), in which sun was inserted, suggesting that the forecast of a sunny day increased the price by 3.6%.
A similar robustness test was undertaken in Models (6.7) and (6.8) where, respectively, the forecast maximum and average daily temperature were included in the model as proxies for WF. All the estimated coefficients for the variables included in the regression and their significance are very similar to the log-linear model in (6.5): every Celsius degree more in the forecast maximum temperature is associated to an increase of 1.76% in the average daily price, ceteris paribus (see Model 6.7). Similarly, every Celsius degree more in the forecast mean temperature was associated to an increase of 1.60% in the average daily price (see Model 6.8).
Finally, Models (6.9) and (6.10) in Table 6 are run on an extended dataset, where all the possible rooms (double, triple, quadruple etc.), party groups (two adults with and without two children) and length of stay (weekends and one-week holidays) are considered, with robust errors clustered by hotel. To simplify the reading, weather forecasts are proxied by the binary variable norain (results are however robust to the alternative inclusion of WF or sun in the regression). In Model (6.9) we only consider weekends of party groups with or without children and, consequently, a wider range of rooms, including double, triple and quadruple rooms, together with full apartments and villas (about 230,000 observations). The estimated coefficient of norain is very similar to the one of Model (6.5), hence reinforcing the support for Hypothesis 1. In Model (6.10) we include double rooms and parties of two adults only (as in Models 6.1 to 6.8) but both weekends and one-week holidays are considered: although the coefficient of norain in (6.10) is still positive and significant, its value is lower (0.0123), suggesting a weakening of the impact. This is very interesting and expected, especially if we consider that in a sea & sun destination in Southern Europe, bad weather usually lasts for one or, in the worst-case scenario, two or three days. Hence, it is unlikely that a bad weather forecast for the check-in day is going to affect the decision of travelling to the destination for a whole week. 13 4.2 Testing Hypotheses 2 and 3: the role of signal accuracy and ex ante uncertainty
In Table 7 , we report the results for testing Hypothesis 2. Models (7.1) and (7.2) can be compared to Model (6.5) in which the logarithmic daily price of one room for two adults for a weekend stay is regressed over norain and the standard set of control variables outlined in equation (16). In Model (7.1) only the last three days of the booking period were considered, while in Model (7.2) we included the complementary period, i.e. from 4 up to 15 days in advance. The same comparison was carried out in (7.3) and (7.4), with the price in levels as dependent variable. This split follows common knowledge about the accuracy of forecasting models and is in line with forecasts of the public provider (the Aeronautica Militare in the Italian case), which are produced only over the previous 72 hours.
[Insert Table 7 here]
Results are consistent with Hypothesis 2: the effect of weather forecasts is stronger the shorter the time lag, as the accuracy of the information embodied in the forecasts improves;
accordingly, the coefficient of norain estimated in (7.1) is larger than the one estimated in (7.2) and the coefficient of norain estimated in (7.3) is larger than the one estimated in (7.4) which becomes statistically not significant. Such results were confirmed in regressions (7.5) to (7.8), run on the extended dataset with different party groups (adults with or without children) and different room size (double, triple, quadruple, etc.): the coefficient of norain estimated in the loglinear regression (7.5) is larger than the one estimated in (7.6), while the coefficient estimated in the linear regression (7.7) is larger than the one estimated in (7.8), which becomes not significant.
Finally, in Models (7.9) and (7.10) we run models (7.7) and (7.8) but replacing the binary variable norain with the weather forecast codes described in Table 3 . Although not all the forecast coefficients are significant, it is worthwhile to highlight that the strongest impact of weather forecasts in the last three days before check-in (Model (7.9)) comes from forecasts associated with consistent bad weather (cloudy, overcast), which are likely to continue for the given room in a given hotel for the same check-in date never changed in the advance booking period. When this group of observations were excluded from the regression the coefficient of norain became larger (0.04496, significant at the 1% level) than the coefficient in the equivalent model (6.5), where the estimate was 0.0349, reinforcing the support of the rationale behind the model. Unsurprisingly, the coefficient of norain was instead insignificant (and equal to -0.0009) when the regression was run on the subsample of observations where price discrimination was not used. 4) ). For simplicity, in Models included in Table 8 weather forecast is measured through the inclusion of the binary variable norain.
[Insert Table 8 here]
In line with Hypothesis 3 we find that the estimated coefficients of norain are higher (and In Table 8 we also estimate the hedonic pricing model separately for upper-scale hotels (4and 5-star hotels, Models 8. 6 and 8.8 ) and low-and mid-scale hotels (1-, 2-and 3-star hotels, 14 We also observe that some of the controls' coefficients differ between "even" and "odd" numbered Models: in the regressions run on prices posted in the last three days before the check-in date (odd Models), the set of A dummies is seldom significant; moreover, the positive sign of the coefficient of L suggests that a sort of last minute pricing is implemented; finally, the most important factor affecting the posted price is always adv, i.e. the price posted as a special offer. Models 8.5 and 8.7). Models (8.5) to (8.8) show that the response of prices to weather forecasts is larger for upper-scale hotels than for low-and mid-scale hotels, both when the price is expressed in levels (the coefficient of norain is larger in Model 8.8 than in 8.7) and in logarithms (the coefficient of norain is larger in Model 8.6 than in 8.5). These results are robust to the use of the extended dataset too, where all the rooms and party groups are considered.
To interpret this, we observe that different hotel categories may impact in two ways on the model's rationale. First, they can impact on ̅ , which is expected to be higher for customers of upper-scale hotels than for low/mid-scale ones. If that is the case, the impact of weather forecasts should be higher for upper-scale hotels when measured in absolute terms, and independent from scale when the impact is measured in percentage terms. Second, hotel categories can interfere with parameter , which measures the utility reduction due to bad weather conditions. Theoretically, from equations (14) and (15) it is immediate to derive that ]∆( ]+ * < 0 and ]%∆( ]+ * < 0, that is, the impact of positive weather forecasts is smaller the higher . In other words, when consumers have similar willingness to pay in both states of the world ( close to 1, i.e. weather conditions are relatively unimportant), weather forecasts have a limited impact on prices. Empirically, it follows that results can be accounted for by a combination of: i) different willingness to pay distribution among customers and ii) lower for customers of luxury hotels than for those of low-and mid-scale hotels (the latter condition is required to explain the result in percentage terms). A priori, the impact of hotel category on is ambiguous since higher quality hotels offer services that both counter-balance possible negative weather conditions (such as spa services), or rely on good weather conditions (swimming pools, open-air bars, etc). 16 A last and relevant comment relates to the interaction between the posted price, the strategy of dynamic pricing, the offered discounts and the free cancellation option. The joint use of these options is the core of hotels' effort to optimize their revenue management strategy when demand is sub-optimal. Yet, these tools are not substitutes one to each other:
the discount targets customers with low willingness to pay (low θ in the model outlined in Section 2); the free cancellation option mainly targets customers with high sensibility to weather conditions (low α) and possibly high risk aversion (a factor not accounted for in the model); the strategy of dynamic pricing follows a pre-determined pattern but can be finetuned to reach the hotel's target in terms of occupancy rates. How do these factors interact with weather forecasts?
A few considerations might help answer this question. First, the coefficient of ADV is always negative and significant, with the discount being marginally larger in the last days before the check-in. Second, the coefficient of C is never significantly associated to price in the last three days before the check-in (see Models 7.1, 7.3, 7.5, 7.7). Third, in the same Models the coefficient linked to weather forecasts, norain, is always significant. Fourth, the coefficient of C is positive and significant in the remaining Models (see Models 7.2, 7.4, 7.6, 7.8) run on the subset of prices posted between 4 and 15 days before the check-in date.
The joint reading of this evidence suggests that in the last 2-3 days before the check-in date the cancellation option is likely not to be effective to tackle lower demand associated with bad but reliable weather forecasts (since forecasts are reliable, weather is likely to be bad: customers will then cancel last minute the reservation and hotel occupancy will suffer).
On the contrary, hotels would respond to lower demand associated to a bad weather forecast by decreasing the price posted online, either directly or through the promotion of a special offer, discounting the lower quality of the tourists' experience in case of bad weather.
This interpretation is supported by the frequency of the cancellation option. Overall, 46%
of the prices in our sample composed by double rooms available for a weekend has the free cancellation option. This share substantially changes along the lead booking period: in the last three days of advance booking, we report only 5.6% of the prices associated with free cancellation (1197 observations), while from 4 to 7 days we report 48.5% of the sample (13009 observations). Finally, from 8 to 15, we report 62.7% of the sample (30969 observations).
Moreover, when we run a model where L is transformed in a dummy and then interacted with C, we find that the coefficient of norain is still significant (0.044, t=6.90, higher than the corresponding Model 6.5), prices increase from 15 up to 8 days before the check-in, then decrease around 6-7 days in advance, and then increase again up to the check-in date. The interaction terms show that the free cancellation option costs about 25% more than the refundable price two weeks in advance: it is roughly around 20% up to 5 days in advance, decreases to 13-14% four days before and to less than 10% one day before, with only few free cancellation options available.
We interpret these results by suggesting that the free cancellation option is used to increase bookings during the lead time. This "insurance premium" costs about 15-25% to the customer, it tends to be used to a lower extent by hotels in the last few days of the booking period and, 23 when it appears to convince undecided customers, it is used as a kind of last-resort discount.
This interpretation is confirmed by a further robustness check. If the Model is run only on prices posted with the option of free cancellation (C =1), the coefficient of norain is 0.0166 and significant at the 5% level only. Alternatively, if the Model is run only on prices posted without the option of free cancellation (C = 0), the coefficient of norain is 0.0418 and significant at the 1% level (we recall that the corresponding coefficient in the baseline model run in (6.5) is 0.0349). This corroborates the conclusion that in the last days before the checkin, in case of negative weather forecasts, the policy of lowering the price is more effective than the free cancellation option.
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Conclusions and Discussion
The key role played by public information in market economies is self-evident. Alas, empirical investigation on how it affects prices is hindered by the coexistence of private information, ambiguity on how information might impact the economic variables of interest, and endogeneity issues. This article contributes to the ongoing debate on the role of information in price setting by analysing the impact of weather forecasts (as example of public information, predominant on any source of private information) on prices in tourism, a market where weather conditions (which are clearly exogenous) directly affect demand. To do so, we first develop a theoretical model where forecasts are common knowledge and can be observed by both accommodation service providers and consumers. As the quality of the leisure experience is affected by weather conditions, weather forecasts (as a signal for expected quality) affect the willingness to pay of customers and hence equilibrium prices: an improvement in weather forecasts would increase the expected quality of the experience and drive the supply to instantaneously adapt the price, the effect being stronger the higher the level of accuracy of the forecast and the larger the degree of ex ante uncertainty in weather conditions. Our analysis also provides some welfare implications. Theoretically, the accuracy of weather forecasts is not supposed to affect total welfare, neither profits nor consumer surplus (Proposition 4). In this respect, many stakeholders have recently blamed the weatherman for the low accuracy of forecasts, which would entail negative effects on the tourism market by keeping tourists away and by reducing profits (Scott and Lemieux, 2011) . Our model does not warrant this conclusion, based on the effect on price.
Predictions
However, in order to empirically assess the welfare implication of forecast (in)accuracy, and to disentangle the loss for the hotel sector due to the weather forecast inaccuracy from the loss due to bad weather, we should know the actual number of rooms sold at each price in each day, something that is private information of the hotel. Then, this information should be merged with the corresponding weather forecasts and with real weather conditions. The simple observation of posted prices does not offer any insight on the number of transactions:
possibly, when forecasts are bad, hotels do not sell rooms, while they might sell them the next day, at a different price, should the forecasts improve. Similarly, the correctness of the forecast in signaling real weather conditions depends on its accuracy: if the forecast is inaccurate the transaction would occur at a "wrong" price. In this respect, we should also consider the reverse scenario, when the forecast is wrong but positive (sunny forecast, matched with actual rain). In those cases, the hotel is "gaining" by quoting a price higher than the optimal, since it is not discounting the rain.
A complete analysis of forecast accuracy is beyond the scope of this work; however, data for the case under investigation show a level of accuracy around 80-85% and provide evidence of a "wet-bias" effect (i.e. weather forecasters usually report a higher probability of rain than the "correct" one stemming from meteorological models), consistent with previous literature (Silver, 2012) . Table 9 shows that the match between forecast of rain and actual rainy weather is lower than the match between forecasted sunny and actual sunny weather. By multiplying the coefficient of norain estimated in the baseline models of Table 6 with the number of rooms sold at the "wrong" price when the forecast did not match the real weather, we could compute the net loss due to weather forecast inaccuracy. Our estimates suggest that this figure is likely to be negligible. Access to companies' revenue management data would allow to shed light on this issue.
[Insert Table 9 here] Our work has a number of limitations, which also constitute the main avenues for future research on the topic. For instance, the theoretical approach could be extended to a more general scenario where the two signals of good and bad weather have different degrees of accuracy, in line with the wet-bias evidence. Also, including a behavioural dimension seems a promising direction, since there is evidence that individuals have problems in interpreting weather forecast probability in the correct way (Gigerenzer et al., 2005; Juanchich and Sirota, 2016 ).
On the empirical side, the first issue concerns replicability, as our results are based on one single destination and one single summer. More in general, different destinations might respond to weather conditions in different ways. We expect that the relevance of weather would differ according to the tourism type: cultural tourism is probably less sensitive to weather than leisure tourism (in terms of model set-up, α would be higher for cultural tourism). Therefore, the price elasticity to weather forecasts would be lower in cultural destinations. Moreover, the computation of the sector's net loss in terms of profits and welfare due to bad weather and bad forecasts needs access to microdata of hotels, something that is 26 worthy to be investigated given the important policy implications at the destination level.
Finally, in an era of climate alterations, weather conditions change, thus implying more variability within the season and higher frequency of extreme events (Dell et al., 2014) . These changes are likely to affect both the accuracy of weather forecasts and the willingness to pay of customers for more risky holiday breaks. Hence, a future extension of the empirical analysis will have to monitor changes in consumer behavior and innovation in the implementation of pricing strategies by hotels.
Appendix A -Proofs
Proof of Proposition 2
The impact of on prices is inversely related to the impact of on , "g" and , "b" .
Straightforward derivations yield:
The denominator in (A1) is positive. The numerator is 0 for = 1 and it is increasing in .
Therefore ^8 "g" ≤ 0, i.e. "#" * is increasing in q.
Similarly,
The denominator in (A2) is positive. The numerator is 0 for = 1 and it is decreasing in .
Therefore ^8 "g" ≥ 0, i.e. "#" * is decreasing in q. It follows that ∆ * and %∆ * are both increasing in .
Proof of Proposition 3
By deriving ∆ * with respect to , after some manipulations one obtains:
which is negative since ≥ and ≥ .
Similarly, deriving %∆ * with respect to , yields, after lengthy manipulations:
which is negative since ≥ .
Proof of Proposition 4
Firm's expected profit is given by:
28 !Π = Pr("g") 7 < >8 "g"
which is independent from .
As for expected consumer surplus, this is given by: 
Solving the integrals yields:
which is also independent from .
Appendix B -Technical issues related to the construction of the data set.
Party Groups. Since Rimini is a popular destination for both couples and families, searches for party groups of two adults only, and for two adults with two children were collected each day for each type of stay (weekend and one-week holiday).
Coding of Rooms. The scraper searched for all the types of rooms on offer. This was necessary to avoid bias in the estimation due to the alternative availability or unavailability of certain rooms along the lead booking period and along the season. Consequently, in order to track the correct price changes over time, we had to control for the different types of rooms that each hotel was offering. Each room was hence manually recoded according to two dimensions: size and category. In the final dataset, the room code was composed by two digits. The first digit indicates the size of the room: 1* indicates a single room, 2* a double room, 3* a triple room, 4* a quadruple room, 5* a twin double room; 6* an apartment; 7* a suite, 8* a beach package, 9* a bed in a dormitory. The second digit indicates the category:
*0 means that no further information about the type of room was provided, *1 indicates that the room was economy / basic / budget, *2 that the room was standard / classic / business / comfort, *3 that the room was standard / classic / business / comfort but with view / balcony / access spa / access beach, *4 indicates that the room was superior / deluxe / executive / premium / king, *5 that the room was superior / deluxe / executive / premium / king but with view / balcony / access spa / access beach. For example, a superior double room with balcony was coded as 25, the same code of a room defined deluxe double room with sea view. This coding allowed us to exploit as much information as possible by normalizing for the type of room, and to compare prices offered by different hotels, which often name rooms differently.
Data cleaning. After data cleaning and checking (some observations were deleted because of errors in the scraping or due to missing relevant information), the dataset of almost 1.1 million observations and 23 variables related to 874 hotels was reduced to about 833,000
observations and 17 relevant variables. In fact, some data were lost because of the frequent changes in the structure of the booking platform, which implied the re-programming of the scraper, an action that in some cases took more than one day. Table 3 . ** Difference (in days) between the day when the forecast was produced and the forecast day. Notes: t-statistics in brackets; * p < 0.10; ** p < 0.05; *** p < 0.01. Robust errors in all regressions. In models (6.2) and (6.4) to (6.10) errors are clustered by hotel. All models except (6.9) include only observations related to a double room for two adults; Model (6.9) includes any combination of rooms for a party group of two adults and two kids. All models except (6.10) include only observations related to a weekend stay of two nights (from Friday to Sunday); Model (6.10) includes all observations related to both weekends and full weeks (from Saturday to Saturday). Notes: t-statistics in brackets; * p < 0.10; ** p < 0.05; *** p < 0.01. In all specifications, errors are clustered by hotel. Models (7.1) to (7.4) only include observations related to a double room for two adults; models (7.5) to (7.10) include observations related to any combination of rooms for a party group of two adults and two kids. All models only include observations related to a weekend stay of two nights (from Friday to Sunday). Models (7.1), (7.3), (7.5), (7.7) and (7.9) only include observations for L < 4 (i.e. prices posted in the last three days of advance booking before the check-in date). Models (7.2), (7.4), (7.6), (7.8) and (7.10) only include observations for L > 3 (i.e. prices posted from 15 to 4 days in advance before the check-in date). 
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